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Print an arrayPrint an array

Get RNA samplesGet RNA samples

Hybridize the samples to the arrayHybridize the samples to the array

Find a long list of differences (Table 1)Find a long list of differences (Table 1)

Select a small subset of Select a small subset of ““interesting genesinteresting genes”” (Table 2)(Table 2)

Write about those differencesWrite about those differences

Submit paper to Nature/Science/PNAS and prepare Submit paper to Nature/Science/PNAS and prepare 
for press conferencefor press conference

The “Golden Age of Microarrays”

With apologies to Roger BumgarnerWith apologies to Roger Bumgarner



Choose an Experimental SystemChoose an Experimental System

Design an ExperimentDesign an Experiment

Collect RNA samplesCollect RNA samples

Do the hybridizations, with replication, both biological and Do the hybridizations, with replication, both biological and 
technicaltechnical

Collect, normalize, filter, transform, and analyze the data to Collect, normalize, filter, transform, and analyze the data to 
identify significant differencesidentify significant differences

Mine the literature and use other available information to Mine the literature and use other available information to 
form hypotheses based on the dataform hypotheses based on the data

Test those hypothesesTest those hypotheses

Publish if you canPublish if you can

Microarrays Today



The cost of the assays have fallen and they have The cost of the assays have fallen and they have 
become more robustbecome more robust

Our ability to generate data has increased Our ability to generate data has increased 
dramaticallydramatically

Our sophistication in both experimental design and Our sophistication in both experimental design and 
data analysis have evolved significantlydata analysis have evolved significantly

The expectations from the community for data The expectations from the community for data 
analysis and validation have increasedanalysis and validation have increased

The challenge of how one can extract meaning from The challenge of how one can extract meaning from 
a list of experimentally significant genes remainsa list of experimentally significant genes remains

What’s the difference



Levels of Biological InformationLevels of Biological Information
DNADNA
mRNAmRNA
ProteinsProteins
Informational PathwaysInformational Pathways
Informational NetworksInformational Networks
CellsCells
OrgansOrgans
IndividualsIndividuals
PopulationsPopulations
EcologiesEcologies

TraditionalTraditional
BiologyBiology

‘‘omicsomics
GenomicsGenomics

Functional GenomicsFunctional Genomics
ProteomicsProteomics

MetabolomicsMetabolomics
Systems BiologySystems Biology
Cellular BiologyCellular Biology

MedicineMedicine
MedicineMedicine
GeneticsGenetics
EcologyEcology

TheThe Future!Future!



How do we best design and analyze the experiments to How do we best design and analyze the experiments to 
identify the most significant set of candidate genes?identify the most significant set of candidate genes?

How can we leverage the existing biological knowledge base How can we leverage the existing biological knowledge base 
to extract information about the patterns of gene expression to extract information about the patterns of gene expression 
we see?we see?

Can we link expression data to the genome, to genetic and Can we link expression data to the genome, to genetic and 
QTL maps, and to other related resources?QTL maps, and to other related resources?

Can we reconstruct metabolic and signaling pathways and Can we reconstruct metabolic and signaling pathways and 
networks? networks? 

Can we use arrays to make clinically relevant predictions?Can we use arrays to make clinically relevant predictions?

The challenges today



February 2001: Completion of the Draft Human GenomeFebruary 2001: Completion of the Draft Human Genome

Public HGPPublic HGP Celera GenomicsCelera Genomics
But what does But what does finishedfinished mean???mean???



How do we use sequence data?How do we use sequence data?



The Golden Age of GenomicsThe Golden Age of Genomics
~100 Microbial Genomes have been sequenced,~100 Microbial Genomes have been sequenced,

at least 100 more are on the wayat least 100 more are on the way

A “working draft” of the Human and Mouse Genome A “working draft” of the Human and Mouse Genome 
Sequences have been completed and the first RatSequences have been completed and the first Rat
assembly is now available assembly is now available 

Yeast, Yeast, C. elegansC. elegans, , Arabidopsis, Drosophila Arabidopsis, Drosophila and other and other 
Eukaryotic models are finished or well advancedEukaryotic models are finished or well advanced

More than 13,000,000 Expressed Sequence Tags (ESTs) More than 13,000,000 Expressed Sequence Tags (ESTs) 
are available; more than 5,500,000 from humansare available; more than 5,500,000 from humans



TIGR Gene Indices TIGR Gene Indices 
home page home page 

www.tigr.org/tdb/tgi.shtml

>60 species

>12,000,000 sequences



High stringency pairHigh stringency pair--wise wise 
comparisons to comparisons to 
buildbuild ClustersClusters

Gene Index Assembly processGene Index Assembly process

reduce reduce 
redundancyredundancy

Expressed Transcripts (ET)Expressed Transcripts (ET)
from GenBank CDSfrom GenBank CDS

remove vector, polyremove vector, poly--A, A, 
adapter,mitochondrial and adapter,mitochondrial and 

ribosomal sequenceribosomal sequence

ESTs from ESTs from 
GenBank (dbEST)GenBank (dbEST) TIGR ESTsTIGR ESTs

Each cluster is Each cluster is 
assembled to obtainassembled to obtain
Tentative ConsensusTentative Consensus

sequences (sequences (TCTCs)s)

Annotate TCs Annotate TCs 
and releaseand release



The Mouse Gene IndexThe Mouse Gene Index <http://<http://www.tigr.org/tdb/mgiwww.tigr.org/tdb/mgi>>



A TC ExampleA TC Example

Click Click here here to see the live web page at TIGRto see the live web page at TIGR



Babak ParviziBabak Parvizi

GO Terms GO Terms 
and EC Numbersand EC Numbers



The TIGR Gene IndicesThe TIGR Gene Indices <http://<http://www.tigr.org.tdb/tdb/tgi.shtmlwww.tigr.org.tdb/tdb/tgi.shtml>>

Dan Lee, Ingeborg HoltDan Lee, Ingeborg Holt



Tentative OrthologuesTentative Orthologues

And ParaloguesAnd Paralogues

Building Building TOGsTOGs: Reflexive, Transitive Closure: Reflexive, Transitive Closure

Thanks to Thanks to WoytekWoytek MakałowskiMakałowski and Mark Boguski and Mark Boguski 



TOGA: An Sample Alignment: TOGA: An Sample Alignment: bithoraxoidbithoraxoid--like proteinlike protein





http://http://pga.tigr.org/tools.shtmlpga.tigr.org/tools.shtml

RESOURCERER RESOURCERER 
Jennifer TsaiJennifer Tsai



RESOURCERER: An ExampleRESOURCERER: An Example



RESOURCERER: Genome MapsRESOURCERER: Genome Maps



Mapping Genes to GenomesMapping Genes to Genomes

Razvan SultanaRazvan Sultana
Foo CheungFoo Cheung



Human: Annotation of the Golden PathHuman: Annotation of the Golden Path

Razvan SultanaRazvan Sultana



Gene Finding in HumansGene Finding in Humans is easy!is easy!

13,53213,532
Razvan SultanaRazvan Sultana



Gene Finding in HumansGene Finding in Humans

10,32410,324

is easy?is easy?

Razvan SultanaRazvan Sultana



Gene Finding in HumansGene Finding in Humans

7,2647,264

is difficult?is difficult?

Razvan SultanaRazvan Sultana



Gene Finding in HumansGene Finding in Humans

11,65811,658

is difficult?is difficult?

Razvan SultanaRazvan Sultana

A genome and its annotation is A genome and its annotation is onlyonly a a 
hypothesis that must be tested.hypothesis that must be tested.



What do we need to know to use What do we need to know to use 
expression data?expression data?



What data should we collect?What data should we collect? Nature GeneticsNature Genetics 29, December 200129, December 2001

<http://<http://www.mged.orgwww.mged.org>>
MAGEMAGE--ML ML –– XMLXML--based data exchange formatbased data exchange format

EVERYTHINGEVERYTHING



SOPs are availableSOPs are available

<http://<http://pga.tigr.org/tools.shtmlpga.tigr.org/tools.shtml>>

cDNA/template prepcDNA/template prep PCR purificationPCR purification

PrintingPrinting RNA labelingRNA labeling

HybridizationHybridization

Coming: Data QC SOPComing: Data QC SOP



MAD Microarray Database SchemaMAD Microarray Database Schema

Joe White, Alex Saeed, Vasily Sharov, Jerry LiJoe White, Alex Saeed, Vasily Sharov, Jerry Li



MADAM: Microarray Data ManagerMADAM: Microarray Data Manager

☺☺ Available with source and Available with source and MySQLMySQL databasedatabase

Alex SaeedAlex Saeed
Vasily SharovVasily Sharov

Jerry LiJerry Li
Joe WhiteJoe White



MIDAS: Normalization and FilteringMIDAS: Normalization and Filtering Wei LiangWei Liang

☺☺ Available with sourceAvailable with source



MeV: Data Mining ToolsMeV: Data Mining Tools Alex SaeedAlex Saeed
Alexander Alexander SturnSturn

Nirmal BhagabatiNirmal Bhagabati
SyntekSyntek Inc.Inc.

DatanautDatanaut, Inc., Inc.

☺☺ Available with sourceAvailable with source



MeV: Metabolic pathway analysis is comingMeV: Metabolic pathway analysis is coming

Maria Klapa and Chris KoenigMaria Klapa and Chris Koenig



What can we do with expression What can we do with expression 
data?data?

Link to GeneticsLink to Genetics



32,448 element mouse array32,448 element mouse array

kidney kidney vsvs. heart. heart
1515µµg  total RNAg  total RNA

Shuibang Wang, Yan Yu, Renee GaspardShuibang Wang, Yan Yu, Renee Gaspard

Thanks to M. Ko (NIA) and B. Soares (BMAP)Thanks to M. Ko (NIA) and B. Soares (BMAP)



Innate ImmunityInnate Immunity
Adaptive ImmunityAdaptive Immunity

Pathophysiologic
Conditions
Pathophysiologic
Conditions

Immunomodulatory GenesImmunomodulatory Genes

Sepsis
ARDS

Asthma

Sepsis
ARDS

Asthma

Antigen PresentationAntigen Presentation

Cytokines and
Adhesion Proteins

Cytokines and
Adhesion Proteins

CD14CD14

LPSLPS TLR ProteinsTLR Proteins

NF-κBNF-κB

IκBIκB

Inflammatory
Cell Recruitment

Inflammatory
Cell Recruitment

LBPLBP

DegradationDegradation

NIKNIK

TRAF-6TRAF-6

MyD88MyD88IRAK2IRAK2

BPIBPI

Adapted from Godowski.  NEJM 1999; 340:1835Adapted from Godowski.  NEJM 1999; 340:1835

MD-2MD-2

David SchwartzDavid Schwartz



C57BL/6 DBA/2

BXD5BXD29 BXD39 BXD42

ExamplesExamples

F2 progeny show QT (PMN and TNFF2 progeny show QT (PMN and TNFαα levelslevels) after inhaling ) after inhaling endotoxinendotoxin LPS. LPS. 
Mice are classified as low to high responders and used to generaMice are classified as low to high responders and used to generate a QTL map.te a QTL map.

Goal: Identify mouse candidate genes that regulate lung 
response to inhaled lipopolysaccharide

BXD Recombinant Inbred Strains (n=32)BXD Recombinant Inbred Strains (n=32)
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Gabe HowlesGabe Howles
Yonghong WangYonghong Wang

Yan YuYan Yu
Renee GaspardRenee Gaspard

David SchwartzDavid Schwartz
Gary ChurchillGary Churchill
Shuibang WangShuibang Wang

Don CookDon Cook



Trait: PMN
Chromosome 6

cM 61.0 - 66.0

Marker Stat cM
Cyx 2.2 50.0

3.4
Qui 5.2 50.5
D6Rik60 5.7
Rho 5 51.5

5.7
D6Mit254 5.6

5
Klra3 3.6

4
Kap 4.1

4.5
Cmv1 4.4
D6Mit194 4.8 61.5
D6Ncvs44 5.5 64.0
D6Mit301 7.6 64.0
D6Mit198 9.7 63.9

9.6
9.5
9.3
9
8.7
8.3
7.9
7.5
7
6.5
6.1
5.6
5.1
4.6
4.2
3.8
3.4
3
2.7

Iva2 3.1 69.5

Marker Stat cM
D6Mit16 0.7 30.5
Xmmv27 0.9 31.5

1.4
1.9
2.2

D6Mit29 2.4 36.5
3.4

D6Rik58 3.2 38.5
5.4

D6Rik61 7.2 39.0
D6Nds2 6.4 39.5
D6Mit230 4.6 43.0

4.8
4.9
5
5.1
5.1
5
4.8
4.5
4.3
4
3.7
3.4

Gln3-3 3.3 46.0
2.9

D6Mit149 1.4 46.3
D6Bir1 2.2 47.0
D6Bir2 0 48.0

0.8
2.8

D6Mit10 6.2 48.7
4.7
3.3
2
1

Ea10 0.4 49.0

cM37.0-43.0

cM46.0-50.0

8.23.7



Marker Stat cM
Cntf 1.2 7.0

3
D19Mit61 5.5 9.0
D19Mit28 7.3 12.0
D19Mit41 6.8 16.0
D19Rik39 3.8 17.0

5
6.1

D19Rik38 6.8 14.0
D19Rik37 7.4 15.0

6.1
4.6

Anxa1 2.1 18.0
4.2

D19Mit16 7 15.0
D19J1 7 24.0

7.4
7.5
7.1
6.5

Iapls3-8 4.7 30.0
4.6
4.2
3.7
3.1

Rbp4 2.2 38.0

cM 9.0 
- 17.0

cM 22.0 
- 30.0

Trait: PMN
Chromosome 19

7.87.83.13.1



Ccnb1-rs4 7.5 50.6
7.2
6.3
5.2

Ms15-1 2.6 48.4
3.3
3.8
4.2
4.3

D4Mit146 4.3 53.6
Pmv19 4.4 52.7

3.9
3.2

D4Mit303 1.9 48.5
1.8
1.7
1.6
1.4
1.1
0.9

Iapls3-10 1.2 52.7

Marker Stat cM
Tyrp1 0.4 38.0

Iva1 0 56.7
0.3

Mpmv19 1.4 53.5
D4Mit12 1.7 57.6
D4Mit147 2.9 38.0

cM 48.0 - 52.0

Cxv2 1.1 62.0
1.2
1.3
1.4
1.4
1.4

D4Mit203 1.3 60.0
1.3

D4Mit71 0.7 61.9
Lag 1.4 65.7
D4Mit69 1.2 63.4

0.8
Ela1-ps 0.3 66.1
D4Mit54 1.5 66.0
D4Mit312 4.4 69.8
Hspg2 4 71.4

5.2
6.2
7.1
7.4

Tnfrsf8 6.6 75.5
Xmv14 8.5 76.4
D4Mit127 7.9 77.5
D4Mit42 9.2 81.0

D4Smh6b 3.3 82.0
3.2

Dvl 2.5 82.0
1.5

D4Rp2 0.8 81.0

Marker Stat cM
Lck 0.1 59.0

cM 69.0 - 82.0

12.55.6

Trait: TNF
Chromosome 4



Marker Stat cM
Mtv11 2.1 16.0

3.3
4.8
6.4
7.9
9.2

D14Pas1 10.8 15.0
Ms15-7 9.9 16.5

11.8
D14Mit45 12.3 12.5
Glud 10.9 15.5

10.6
9.7
8.4

D14Mit62 5.6 18.5

Marker Stat cM
D14Mc1 3.9 55.0

6.3
8.7

D14Mit170 12 63.0

cM 61.0 - 65.0

cM 10.0 - 18.0

9.22.8

Trait: TNF
Chromosome 14



525
Genes in QTL Genes by Microarray

4266

Microarray Expression-QTL Consensus 
Candidate Genes

46

Functional study of individual genes: Quantitative complementatiFunctional study of individual genes: Quantitative complementation of a QTL and on of a QTL and 
analysis of association of SNP with QTanalysis of association of SNP with QT

David SchwartzDavid Schwartz
Gary ChurchillGary Churchill
Shuibang WangShuibang Wang

Don CookDon Cook
Gabe HowlesGabe Howles

Yonghong WangYonghong Wang
Yan YuYan Yu

Renee GaspardRenee Gaspard



We looked for mutations in the We looked for mutations in the tol4tol4 receptor and receptor and 
found one in the BXD29 found one in the BXD29 nonresponsivenonresponsive strainstrain

We used a variety of additional markers falling We used a variety of additional markers falling 
within our candidate QTL regions and genotyped within our candidate QTL regions and genotyped 
our BXD strains. We were able to further refine the our BXD strains. We were able to further refine the 
maps in those regions.maps in those regions.

We selected a set of candidate genes based on the We selected a set of candidate genes based on the 
arrays, the maps, and the functional roles of the arrays, the maps, and the functional roles of the 
genes and validated them by RTgenes and validated them by RT--PCR.PCR.

We are now doing We are now doing RNAiRNAi studies in cell culture to studies in cell culture to 
validate our hypothesesvalidate our hypotheses

Going beyond the arrays



BG076932BG076932 annexinannexin A1 (Anxa1)A1 (Anxa1)
BG085317BG085317 arginasearginase type II (Arg2)type II (Arg2)
BG064781BG064781 cytidinecytidine 5'5'--triphosphate  triphosphate  synthasesynthase ((CtpsCtps))
BG085740BG085740 etsets--related transcription  related transcription  factoRfactoR
BG063515BG063515 ferritinferritin heavy chain  (heavy chain  (FthFth))
BG078398BG078398 MARCKSMARCKS--like protein (like protein (MlpMlp))
AW556835AW556835 protein tyrosine  protein tyrosine  phosphatasephosphatase, non, non--receptor type 2 (Ptpn2)receptor type 2 (Ptpn2)
BG077485BG077485 ring finger protein (C3HC4  type) 19 (Rnf19)ring finger protein (C3HC4  type) 19 (Rnf19)
BG085186BG085186 surfactant proteinsurfactant protein--D  geneD  gene
AW550270AW550270 tenascintenascin C (C (TncTnc))
BG065761BG065761 tumor necrosis factor,  alphatumor necrosis factor,  alpha--induced protein 2 (Tnfaip2)induced protein 2 (Tnfaip2)
BG074379BG074379 coco--chaperone mtchaperone mt--GrpE#2 precursor putative GrpE#2 precursor putative 
BG080688BG080688 CSFCSF--11
BG067349BG067349 CC--type type lectinlectin MincleMincle
BG073439BG073439 DKFZp564O1763DKFZp564O1763
AW551388AW551388 E2FE2F--like  transcriptional repressor proteinlike  transcriptional repressor protein
BG076460BG076460 glutamateglutamate--cysteinecysteine ligaseligase catalytic subunit (GLCLC) catalytic subunit (GLCLC) 
BG080666BG080666 gly96gly96
BG067921BG067921 GTP binding proteinGTP binding protein
BG072974BG072974 DKFZp547B146DKFZp547B146
BG070296BG070296 DKFZp566F164DKFZp566F164
BG074109BG074109 Hsp86Hsp86--11
BG077487BG077487 hypoxia inducible factor 1hypoxia inducible factor 1

BG078274BG078274 I kappa B alpha geneI kappa B alpha gene
BG084405BG084405 IAPIAP--11
BG069214BG069214 inhibitor of apoptosis  protein 1inhibitor of apoptosis  protein 1
BG067127BG067127 interferon regulatory factor  1interferon regulatory factor  1
BG080268BG080268 KCKC
BG070106BG070106 lipocalinlipocalin
BG064651BG064651 MAILMAIL
BG063925BG063925 metallothioneinmetallothionein IIII
BG077818BG077818 metallothioneinmetallothionein--II
BG073108BG073108 MHC class III region RDMHC class III region RD
BG064928BG064928 mitogenmitogen--responsive 96responsive 96
BG072801BG072801 S100A9S100A9
BG086320BG086320 SDFSDF--11--betabeta
BG072793BG072793 TT--cell activating proteincell activating protein
BG073446BG073446 TH1 proteinTH1 protein
BG072227BG072227 TNFaTNFa
BG068491BG068491 unknown ESTunknown EST
BG071081BG071081 unknown ESTunknown EST
BG067341BG067341 unknown ESTunknown EST
BG067620BG067620 unknown ESTunknown EST
BG067670BG067670 unknown ESTunknown EST
BG066678BG066678 unknown ESTunknown EST
BG071169BG071169 unknown ESTunknown EST

Candidate Gene Set for LPS responseCandidate Gene Set for LPS response



Yes!Yes!
Expression data and QTL data can be combined Expression data and QTL data can be combined 

to find genes that are differentially expressed to find genes that are differentially expressed 
andand that are likely to be important for the that are likely to be important for the 
phenotype.phenotype.

The expression fingerprint itself can be used asThe expression fingerprint itself can be used as
a quantitative trait for genetic mapping.a quantitative trait for genetic mapping.

No!No!
We are likely to miss regulatory and signalingWe are likely to miss regulatory and signaling

genes where sequence polymorphism maygenes where sequence polymorphism may
contribute to the phenotype.contribute to the phenotype.

Isn’t this great?



What can we do with expression What can we do with expression 
data?data?

Predict OutcomePredict Outcome



Patients present with tumors, many of which are Patients present with tumors, many of which are 
indistinguishable.indistinguishable.

Histology can provide some information, but these Histology can provide some information, but these 
have little predictive power.have little predictive power.

Microarrays provide a Microarrays provide a ““fingerprintfingerprint”” that can serve that can serve 
as a phenotypic measure that may be linked to as a phenotypic measure that may be linked to 
outcome.outcome.

This is a huge problem in data mining.This is a huge problem in data mining.

The problem



The problem in pictures: Adenocarcinomas



Development of Molecular Development of Molecular 
Organ ClassifiersOrgan Classifiers



32k Human Arrays32k Human Arrays



TIGR MultiTIGR Multi--Organ Cancer ClassifierOrgan Cancer Classifier
77 tumor samples77 tumor samples

144 hybridization assays144 hybridization assays

hierarchical clusteringhierarchical clustering
( Pearson correlation)( Pearson correlation)

UNSUPERVISEDUNSUPERVISED
CLASSIFICATIONCLASSIFICATION

Artificial neural network Artificial neural network 
training and validationtraining and validation

SUPERVISEDSUPERVISED
CLASSIFICATIONCLASSIFICATION

individual array normalization individual array normalization 

flipflip--dye replicadye replica
consistency check consistency check 

Statistical filtering of genesStatistical filtering of genes
(Kruskal(Kruskal--Wallis HWallis H--test)test)

685 genes    685 genes    

breastbreast

ovaryovary lunglung

p < 0.05p < 0.05
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Hierarchical Clustering of TIGR cDNA DataHierarchical Clustering of TIGR cDNA Data

OvaryOvary
LungLung



TissueTissue--Specific Genes?Specific Genes?
GenBank/TC/Role guess Breast Ovary Colon Stomach EG junction Pancreas Lung Kidney
 AA280924 THC622568 carbonyl reductase (NADPH); 0.02 0.08 -0.29 -0.04 0.07 -0.11 1.08 0.15
 AA429895 THC603542 MRP3; multidrug resistance protein 3 -0.26 -0.50 -0.15 -0.08 0.19 -0.01 0.87 0.09
 AA056377 null null -0.10 -0.10 0.19 -0.08 -0.11 0.00 1.31 -0.06
 AA453898 THC650423 gal beta (1-3/1-4) GlcNAc alpha-2,3 sialyltransferase 0.01 0.05 -0.53 0.29 0.88 0.01 1.08 -0.60
 AA505045 THC583342immunoglobulin heavy chain V(H)5 pseudogene 0.40 0.08 -0.14 0.39 0.58 0.22 1.49 0.25
 AA972350 THC575287 pulmonary surfactant-associated proteolipid protein -0.04 -0.04 -0.64 -0.05 -0.06 0.07 1.57 -0.18
 AA864840 THC701676 KIAA1334 protein; novel retinal pigment epithelial cell protein -0.11 0.06 -0.02 0.02 0.19 0.21 0.89 -0.01
 AA677165 null null 2.22 -0.09 0.88 0.13 0.05 0.78 0.00 0.40
 R54193 null null 2.20 0.13 -0.17 -0.01 -0.04 -0.11 0.04 -0.44
 AA456975 null null 2.02 0.00 0.18 0.01 1.05 0.00 0.17 0.00
 W90128 null null 1.90 -0.38 -0.40 -0.08 -0.02 -0.13 0.37 -0.86
 R91803 THC570494 arylamine N-acetyltransferase; N-acetyltransferase-1 1.64 0.12 0.07 0.23 0.08 0.00 -0.02 0.00
 AI628353 THC670392 KIAA0882 protein 1.63 0.06 -0.40 -0.04 0.14 0.11 0.06 0.10
 H02231 THC615337 dJ483K16.1; long chain polyunsaturated fatty acid elongation enzyme 1.32 -0.11 -0.24 -0.55 -0.72 -0.27 0.40 -0.10
 H29407 THC623058 LIV-1, breast cancer/estrogen regulated 1.25 -0.50 -0.34 -0.04 -0.30 -0.17 -0.10 -0.19
 AA446839 THC570204 E1B 19K/Bcl-2-binding protein -0.10 0.44 -0.15 -0.85 -0.85 -0.32 0.13 2.11
 AA682423 THC688753 monoamine oxidase B -0.16 -0.12 -0.57 -0.37 -0.43 0.09 -0.08 2.05
 W84778 THC569476 NADH:ubiquinone oxidoreductase 0.08 -0.29 -0.86 -0.34 -0.25 0.09 -0.26 2.27
 W85851 null null -0.39 -0.32 -0.05 -0.46 -0.41 -0.46 -0.39 3.10
 AA700054 THC602328 adipophilin -0.78 -0.21 0.86 -0.53 -0.41 -0.70 -0.48 2.81
 AA670144 null null -0.16 -0.42 0.07 -0.39 -0.38 -0.13 -0.11 1.90
 AA504943 THC601867 crystallin, alpha B -0.13 -0.37 -0.44 -0.41 -0.42 -0.26 -0.54 3.21
 W30988 THC682953 hepatic angiopoietin-related protein -0.36 -0.78 -0.12 -0.37 -0.48 -0.18 -0.18 3.09
 AI341427 null null -0.29 1.31 -0.14 -0.39 -0.18 0.12 -0.10 -0.42
 AA427924 null null -0.68 2.30 -0.69 -0.72 -0.37 0.09 -0.21 0.36
 H09099 THC702730 KIAA0762 protein; VSGP/F-spondin -0.37 1.93 -1.41 -0.46 -0.43 0.21 0.09 0.55
 AA001444 null null -0.24 1.24 -0.24 -0.24 -0.20 0.14 -0.19 -0.34
 AA865464 THC601987 retinoic acid induced gene E -0.18 0.81 -0.47 0.07 0.12 -0.08 -0.25 -0.03
 AA872323 THC583082 unnamed protein product -0.13 0.95 -0.44 -0.23 -0.43 0.15 0.08 0.07
 AI364369 THC616465 PBX1a; homeobox-containing protein; pre-B-cell leukemiaTF 1 0.40 1.48 -0.12 -0.46 -0.56 -0.05 -0.21 -0.59
 N54596 null null 0.43 1.36 -0.61 0.18 -0.65 0.08 -0.09 -0.88
 AI382830 THC590306 procarboxypeptidase B -0.21 -0.21 -0.21 -0.21 -0.21 1.44 -0.21 -0.21
 AA703660 THC564885 Histone H2A related -0.23 -0.08 -0.13 -0.23 -0.16 1.35 -0.24 -0.35
 AA155695 THC669946 transcobalamin I -0.19 -0.24 -0.18 0.08 -0.24 1.19 -0.23 -0.24
 AA284528 THC608762 trypsinogen II -0.15 -0.13 0.07 -0.27 -0.13 1.21 -0.27 -0.41
 N68543 null null -0.29 -0.14 -0.19 -0.13 -0.17 1.06 -0.08 -0.07
 R38933 THC694690 plasminogen activator, tissue 0.25 0.02 -0.43 0.04 -0.06 1.09 -0.32 -0.74
 AA425422 null null 0.08 -0.15 0.02 -0.10 -0.18 0.82 -0.21 -0.35

Ivana Yang, Simon Kwong, Greg Bloom, Tim YeatmanIvana Yang, Simon Kwong, Greg Bloom, Tim Yeatman



Input data:Input data:
A list of genes withA list of genes with
expression levelsexpression levels

Output data:Output data:
A tumor typeA tumor type
callcall

Neural Networks and CancerNeural Networks and Cancer

““hidden layers” allowhidden layers” allow
complex connectionscomplex connections



Training:Training:
Adjusts weightsAdjusts weights
and connectionsand connections

Neural Networks and CancerNeural Networks and Cancer

Breast TumorBreast Tumor



Data AcquisitionData Acquisition

NormalizationNormalization
and Scalingand Scaling

StatisticalStatistical
ScreeningScreening

Neural NetworkNeural Network
Training andTraining and

ValidationValidation

Microarray DatabaseMicroarray Database

Training SetTraining Set
Tumor 1Tumor 1
Tumor 2Tumor 2
Tumor 3Tumor 3
Tumor 4Tumor 4
Tumor 5Tumor 5

……
Tumor nTumor n

Test  SetTest  Set
Tumor 1Tumor 1
Tumor 2Tumor 2
Tumor 3Tumor 3
Tumor 4Tumor 4
Tumor 5Tumor 5

……
Tumor nTumor n

ClassifierClassifier

All NormalizedAll Normalized
and Scaled Genesand Scaled Genes

KruskalKruskal--WallisWallis
BonferoniBonferoni f(xf(x))

CorrelativeCorrelative
Gene SubsetGene Subset

U95A=124U95A=124

Hu6800=136Hu6800=136

U95AU95A

Hu6800Hu6800

Gene 1   2.2Gene 1   2.2
Gene 2   0.5Gene 2   0.5
Gene 3   1.2Gene 3   1.2

……

U95AU95A Hu6800Hu6800

TIGRTIGR

Gene 1   2.2Gene 1   2.2
Gene 2   0.5Gene 2   0.5
Gene 3   1.2Gene 3   1.2

……

Average AcrossAverage Across
Chips usingChips using
ReferenceReference

GeneGene--byby--GeneGene
using Referenceusing Reference

GeneGene--byby--GeneGene
using Referenceusing Reference



We collected 540 expression profilesWe collected 540 expression profiles
21 tumor types21 tumor types
95% of all cancers95% of all cancers

10 Independent Classifiers10 Independent Classifiers
75% of data for training, 25% for test75% of data for training, 25% for test
Average ~88% accuracy Average ~88% accuracy 

Classifier has been validated on an independent set Classifier has been validated on an independent set 
of colon cancer samples and of colon cancer samples and metsmets with 90% with 90% 
accuracyaccuracy

Web based Classifier availableWeb based Classifier available
So far, 7 of 8So far, 7 of 8** in classificationin classification

* Bad RNA* Bad RNA

Summary



Yes!Yes!
Demonstration of crossDemonstration of cross--platform comparisonsplatform comparisons
Represents a potential tool to assist in clinical Represents a potential tool to assist in clinical 

diagnosisdiagnosis

No!No!
MuchMuch work remains to be done to actually work remains to be done to actually 

demonstrate that this has true clinical relevancedemonstrate that this has true clinical relevance
What we really want to do is extend this to What we really want to do is extend this to 

survival and response to therapeutics survival and response to therapeutics 
We need We need MuchMuch more datamore data

One tumor, one chipOne tumor, one chip™™

Isn’t this great?



Array analysis has matured significantly in the past few Array analysis has matured significantly in the past few 
years.years.

The bottleneck in array studies is rapidly becoming data The bottleneck in array studies is rapidly becoming data 
analysis and interpretation.analysis and interpretation.

The challenge now is to intelligently integrate expression The challenge now is to intelligently integrate expression 
data with other sources of biological knowledge to turn our data with other sources of biological knowledge to turn our 
gene sets into something approaching biology.gene sets into something approaching biology.

ArrayArray--based technologies are poised to make the transition based technologies are poised to make the transition 
from the laboratory to the clinic.from the laboratory to the clinic.

What we need are consistent means of collecting and What we need are consistent means of collecting and 
archiving the data so that more comprehensive data mining archiving the data so that more comprehensive data mining 
can take can take place.place.

Where are we going?



In theory, there is no difference between In theory, there is no difference between 
theory and practice. In practice, there is.theory and practice. In practice, there is.

-- Andrew S. Andrew S. TannenbaumTannenbaum



Nobody in the game of football Nobody in the game of football 
should be called a genius. should be called a genius. 

A genius is somebody like Norman Einstein. A genius is somebody like Norman Einstein. 

--Joe Joe TheismanTheisman, Former quarterback, Former quarterback
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Science is built with facts as a house is with stones Science is built with facts as a house is with stones ––
but a collection of facts is no more a science than a but a collection of facts is no more a science than a 
heap of stones is a house.heap of stones is a house.

–– Jules Henry Jules Henry PoincarePoincare


